The design of an adaptive load-shedding strategy by executing an artificial neural network (ANN) and transient stability analysis for an electric utility system is presented. To prepare the training data set for an ANN, the transient stability analysis of an actual power system has been performed to solve for minimum load shedding with various operation scenarios without causing the tripping problem of generators. The Levenberg-Marquardt algorithm has been adopted and incorporated into the back-propagation learning algorithm for training feedforward neural networks. By selecting the total power generation, total load demand and frequency decay rate as the input neurons of the ANN, the minimum amount of load shedding is determined to maintain the stability of power systems. To demonstrate the effectiveness of the proposed ANN minimum load-shedding scheme, a utility power system has been selected for computer simulation and the amount of load shedding is verified by stability analysis.
Introduction
Due to the load growth in Taiwan the power shortage during the summer peak period has been a very serious problem for the Taiwan Power Company (Taipower) in recent years. With the longitudinal power system, a large amount of power has to be transmitted over 345 kV EHV lines from south to north due to the deficiency of area generation in the northern region. System disturbances caused by the outage of large generation units or tripping of EHV transmission lines may result in severe system instability. Without taking the proper remedial action in time, the dynamic response of the power system will deteriorate. For instance, the EHV transmission tower collapsing in 1999 initiated the tripping of tie lines between southern and northern-central areas and resulted in the total system blackout [1] .
To enhance the system reliability of the Taipower system, an effective load-shedding scheme has to be derived and implemented to maintain power system stability. Insufficient load shedding will cause serious system frequency decay and a stability problem. On the other hand, excessive load shedding will trip the load too much to cause an unnecessary power outage problem. It is a common practice for utility companies to perform load shedding by using under-frequency relays to trip the predetermined load with many shedding steps when the frequency drops below set values [2, 3] . A load-shedding method which considers the frequency decay rate is also applied for utilities in [4] . To determine the minimum load shedding required for maintaining system stability in fault contingencies an adaptive ANN model is proposed. The amount of load to be tripped can be determined very efficiently according to the input parameters so that the control signals to disconnect the less critical loads can be issued at the instant of tie line tripping.
Up to now the ANN has been successfully used to deal with the data by imitating the human neural network. It has been applied in the areas of function approximation and pattern recognition. It is also suitable for multivariable applications because of the ability to easily identify the interaction between the inputs and outputs. In recent years the ANN has been applied in the design of power system controllers [5, 6] , load forecasting [7] , harmonic prediction [8, 9] and fault protection [10] . Because the variation of system frequency is highly dependent on the initial operation condition, the seriousness of fault contingency, the response of governor systems, and so on, it becomes more difficult to determine the minimum amount of load shedding by the traditional methods for a large power system. By performing the stability analysis for various fault scenarios the training data set of ANN model can be created. With the ANN model derived, the optimal load shedding at the instant of tie lines tripping is determined according to the input neurons of the neural network.
Levenberg-Marquardt back-propagation artificial neural networks
A multilayer feedforward network with back-propagation algorithm has often been applied for the ANN training. The data is propagated from the input layer to the hidden layers before reaching the final output layer. The error signals at the output layer are then propagated back to the hidden and input layers. The sum-of-squares error is then minimised by adjusting the synaptic weights and bias in any layers during the training process. Figure 1 shows a two-layer feedforward network. For a multilayer network the net input v k+1 (i) and output y k+1 (i) of neuron i in the k+1 layer can be expressed as (1) and (2) where Sk is the number of outputs in the kth layer, w
(i) and f k+1 represents the synaptic weight, bias and activation function of neuron i in the (k+1)th layer. For an ANN with a k-layer network the system equations in matrix form are given as
where the input signal vector " p p with Z variables is expressed
g , which are generated by performing the transient stability analysis, are used as the training data set of ANN. By representing the sum of the output square error as the performance index for the ANN the error function is given by
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where " e e r ¼ "r À " y y K r is the output error and " y y K r is the final output of the rth input. To minimise the mean-square error function Eð" x xÞ in (6) with respect to vector " x x, Newton's method is given by (7) Eð" x xÞ ¼
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where N ¼ R Â SK. Newton's method assumes Sð" x xÞ ¼ 0 to update the (7) by
The Levenberg-Marquardt algorithm [11, 12] modifies Newton's method as
where the parameter m will be updated according to the change of the performance index at each iteration of the training process and I is the identity matrix. It can be shown that the performace index in (5) is equivalent to (6) . For the LMBP algorithm, all the R input/output vector pairs are given to the network first, and the corresponding outputs and errors are computed by using (3), (4) and (6) . The jacobian matrix J " x x ð Þ in (11) and the incremental change D" x x in (14) are calculated and the performance index is recalculated by Eð" x xÞ with " x x þ D" x x. The ANN becomes converged if the performance index is less than the specified tolerance. Otherwise, the parameter m is modified to repeat the training process of the neural network.
Design of adaptive minimum load shedding
This Section presents the process to determine the amount of load shedding for power systems by using the ANN with LMBP algorithm according to the transient stability analysis. Figure 2 shows the flowchart of the proposed adaptive minimum load shedding. It can be divided into five steps as follows:
Step 1: Identify the network configuration and prepare the data for the power system to be studied. It includes the branch and bus data for load-flow analysis and the mathematical models with corresponding parameters of generators, excitation systems, governor systems and loads for transient stability analysis. Also, the protective relays settings and the actual system responses captured by recorder should be collected.
Step 2: To verify the accuracy of the mathematical models, computer simulation of the actual contingency cases is performed by the transient stability analysis. The models and parameters of the power systems are modified accordingly.
Step 3: For system contingency the dynamic frequency response of the power system is highly dependent on the amount of load to be shed. The objective function of the ANN model is to derive the optimal amount of load shedding so that the stable operation of power systems can be maintained and the economic loss can be minimised. Choose the input variables, that are highly correlated to the frequency deviation as the training data of ANN models.
Step 4: To prepare the input data for the ANN the transient stability analysis of power systems for many operation conditions and fault contingencies have to be executed. The data of the selected input variables and the corresponding output are then divided into two data sets for training and testing, respectively. Before the training and testing process all the data sets should be normalised to the same range of values. The training and testing of ANN models are executed by using the feedforward ANN with LMBP algorithm until the performance index is less than the specified error tolerance. Redefine the input variables if the convergence of ANN models cannot be obtained.
Step 5: When a fault occurs the proposed ANN controller will determine the minimum amount of load shedding quickly according to the input data captured by the SCADA system in real time. Finally, the hardware will receive the amount of load shedding predicted by the ANN controller to trip the predetermined load to restore the system frequency.
Case study
To demonstrate the effectiveness of the ANN method to determine the minimum amount of load to be disconnected from service to maintain system stability for various scenarios of fault contingency, the Taipower system is selected for computer simulation to verify the system performance with the load-shedding strategy by the proposed methodology. The system configuration, the present load-shedding scheme in Taipower and the proposed ANN-based methodology are introduced in this section.
Configuration of Taipower system
The Taipower system is a longitudinal structure and is designated as the northern, central and southern areas. plants, respectively. These pumped-storage units (PSUs) are operated with generation mode during peak period and pumping mode during off-peak to regulate system surplus power generation. A considerable amount of power flow from the southern and central areas to the northern area is required because of the serious shortage of power generation in the northern area. It is highly possible that the Taipower system could be separated into two or more subsystems if the EHV tie lines between areas are tripped due to fault contingency or low-frequency oscillation [1, 13] . Under this condition the proper amount of load shedding has to be executed in the northern area very quickly to prevent further tripping of generators due to severe decline of system frequency in the isolated subsystem.
Present load-shedding scheme
At present the load shedding in Taipower system is executed with 15 stages of underfrequency relays to trip the predetermined load when the frequency drops to the setting values as shown in Table 1 . Steps 1 to 8 are the pumpedstorage load-shedding scheme which trips four PSUs with 250 MW rated capacity each at Ming-Hu pumped-storage plant and six PSUs with 260 MW rated capacity each at Ming-Tan pumped-storage plant. If the frequency still cannot be restored after the tripping of pumping units, steps 9 to 15 are then activated to perform the load shedding of service customers. The amount of load to be disconnected is represented as the percentage of the total system load demand. According to Taipower load-shedding scheme, 19.58, 7.08 and 7.25% of the total system load will be tripped in the northern, central and southern areas, respectively. For the system peak operation, only the customer load-shedding is considered because all PSUs are operated with the generation mode.
ANN-based adaptive load shedding
In the Taipower system the minimum allowable operation frequency for the nuclear and thermal generation units is 58 Hz. According to the operation criterion of Taipower system, the objection function of the proposed ANN-based minimum load shedding is defined as 'tripping the load at 59.2 Hz in one step to prevent the system frequency from dropping below 58 Hz'. When the tie lines between the southern and central areas are disconnected the total power generation P G , total load demand P L and the frequency decay rate df/dt in the northern-central area are selected as the input neurons of the ANN model, while the output neuron is defined as the minimum amount of load shedding P S min . The input/output pairs are therefore represented as
According to the definition described, load-flow analyses with 46 different scenarios of generation and load conditions have been executed. For these study cases the total generation are controlled to be varied between 10150B15994 MW while the total load are controlled to be varied between 12500B19170 MW for the northerncentral area as shown in Table 2 . The step changes of generation and load are 500 MW to create different operation scenarios. The transient stability analysis has been performed to find the system frequency decay rate, which is varied between À0.5BÀ3.5 Hz/s. The minimum amount of load to be shed P S min for these cases has been solved by transient stability analysis and represented as P sim in Table 2 . It is found that the minimum load shedding required to maintain the system stability for all scenarios will be varied between 0B4530 MW. By taking the P G , P L and df/dt as the values of neurons in the input layer and P sim as the corresponding value of neuron in the output layer for the ANN training process, the LMBP algorithm is applied to solve the ANN model with the performance index of 10 À6 as the mean square error. In Table 2 P ANN represents the amount of load shedding solved by using the ANN with the LMBP algorithm. The error deviation and the error percentage of all training scenarios are also listed in Table 2 . It is found that the values of load shedding obtained by the proposed methodology are very consistent to the values solved by the conventional transient stability analysis. The maximum error is 37 MW or 0.193% of the total system load demand of 19170 MW for the 27th data sequence. It is not necessary to execute the load shedding for the operation scenarios with negative P ANN . To know the effectiveness of LMBP algorithm, ten different cases were executed for each training study on a Pentium III PC. It is found that the average training time of 1.29 s and 9 epochs are required.
An ANN-based system should be implemented to execute load shedding in an automatic manner. When a fault occurs and results in the tripping of tie lines to separate the whole power system into two or more subsystems, the values of input neurons for ANN controller can be captured by the SCADA system in real-time basis. The proposed ANN controller as described will determine the minimum amount of load shedding very quickly according to the real-time rate of frequency change and the prefault total generation and load demand in the isolated area. No frequency or other relays are needed to execute the load shedding but the hardware of ANN-based load-shedding system will select and trip the predetermined load in one step to restore the system frequency.
Contingency simulation for Taipower system
To demonstrate the effectiveness of the proposed methodology to determine the minimum load shedding two fault contingencies of the Taipower system have been selected for computer simulation to investigate the dynamic response of power systems with the load shedding solved by the ANN models. For the study fault contingencies, Taipower system is separated into two isolated subsystems with the tripping of tie lines between southern and central areas. The loadshedding scheme will be activated for the northern-central subsystem because of the shortage of power generation in the region. The load shedding of the present scheme in Taipower and the proposed ANN-based model with the LMBP algorithm are considered in the transient stability analysis to investigate the dynamic response of the isolated system.
Case A
For this case study it is assumed that the fault contingency in the Taipower system with peak loading of 25960 MW. The load demand and power generation in the northerncentral area are 19170 and 15699 MW, respectively. By considering the power losses in the north-central area, the generation deficiency of 3771 MW has to be delivered from the southern area over the 345 kV EHV transmission lines. With the tripping of tie lines the frequency of the isolated northern-central area declines very quickly as shown in Fig. 4 after the fault is cleared at 0.167 s. With the present load-shedding scheme in Table 1 , the pumped load-shedding scheme (steps 1 to 8) is not executed since the PSUs are operated in generation mode at the peak period. Steps 9 to 12 load shedding will be activated at 0.583, 0.733, 0.867 and 0.967 s to trip customer loads of 1366, 1368, 1415 and 945 MW, respectively, when the frequency dropped to the corresponding setting values. It is found that the frequency begins to rise after the load shedding and reaches the maximum value of 60.5 Hz at 4.75 s and then restores to 60.1 Hz due to the governor action.
On the other hand, the proposed ANN methodology predicts the minimum load shedding of 2521 MW by the ANN model with the P G ¼ 15699 MW, P L ¼ 19170 MW and df/dt ¼ À1.6 Hz/s as the input variables. The one-step load shedding is activated when the frequency drops to 59.2 Hz. It is found that the frequency keeps declining with a slower decay rate and reaches the minimum value of 58 Hz at 3.42 s and then begins to rise slowly. Figure 5 shows the mechanical input power of the generator unit at bus 530 for both load-shedding schemes. With the present load-shedding scheme it is found that too much load has been shed and the mechanical input power of the generator is changed from increasing to decreasing at 3.4 s. The mechanical input power of the generator has been reduced from 589 to 567 MW due to the excessive load shedding. On the other hand, the mechanical input power of the generator keeps increasing during the transient period with the loadshedding scheme of ANN model. With the total load demand and generation of 6790 and 10705 MW, respectively, for the southern area, Fig. 6 shows the frequency response of the isolated subsystem. It is found that the frequency rises very quickly after tie-line tripping because of too much is the surplus power generation in the area. It reaches the maximum value of 62.7 Hz at 2.25 s and begins to decay due to the action of generator governor systems. Figure 7 shows that the mechanical input power of the generation unit at bus 1090, which has been reduced from 306 MW to the minimum value of 174 MW at 4.2 s and then increased to 200 MW finally.
Case B
For this case the fault contingency in the Taipower system for the off-peak operation is assumed with load demand of 18153 MW. The total load demand of the northern-central area is 12936 MW, which includes three and four PSUs in pumping mode at Ming-Hu and Ming-Tan hydro plants, respectively. The area total power generation is 10494 MW with a power shortage of 2442 MW to be delivered from the southern area. When the tie line trips at 0.167 s after a fault contingency the frequency of the isolated subsystem in the northern-central area declines very quickly as shown in Fig. 8 . With the higher priority of load shedding for the pumping load of PSUs it is found that only steps 1 to 3 in Table 1 are activated to trip five PSUs with pumping capacity of 1270 MW. The last two PSUs are not tripped due to the setting of time delays of under frequency relays. To compensate for the generation deficiency, steps 9 and 10 of load shedding have to be activated to disconnect customer service of 1912 MW. After executing the present load-shedding scheme the frequency begins to rise, reaches the maximum value of 60.37 Hz at 5.1 s and then becomes stable at 60.1 Hz.
By the proposed ANN methodology the minimum amount of load shedding is solved as 1950 MW by the ANN model based on the input values of P G ¼ 10494 MW, P L ¼ 12936 MW and df/dt ¼ À1.4 Hz/s. The proposed load shedding is activated at the instant when the frequency drops to 59.2 Hz to trip the pumping load of 1780 MW and the customer load of 170 MW. After load shedding, the frequency keeps declining with a slower decay rate and reaches the minimum value of 58.04 Hz at 7 s and then begins to rise. Figure 9 shows the mechanical input power of the thermal generation units at bus 530. With excessive load shedding by the present scheme, the mechanical input power of the generator experiences instant change from increasing to decreasing at 3.35 s. By executing the proposed ANN load shedding the mechanical input power of the generation unit keeps increasing during the system disturbance. As compared with the fault contingency during peak period the frequency will take longer to recover by the proposed ANN load shedding because fast-response generators such as the gas and hydro units are out of service for the off-peak period.
According to the computer simulation of the Taipower system, the present load-shedding scheme has tripped 5094 and 3182 MW loads for the fault contingencies at the peak and off-peak periods, respectively. On the other hand, only 2521 and 1950 MW loads are required to be shed by the proposed ANN model to maintain the system stability. According to the transient stability analysis it is found that excessive load shedding has been performed by the present shedding scheme in Taipower. Besides, the pump storage units do not trip completely before the execution of customer load shedding because of the time delay of under frequency relay setting. It is concluded that the proposed ANN-based methodology does provide more effective load shedding to maintain the system stability without causing unnecessary excessive power outage of customers.
For the utility generators and turbines in this study the minimal operation frequency allowed is 58 Hz. To protect the turbine blades from damage due to low-frequency operation the utility generators will be tripped when the frequency drops below 58 Hz with various time delays. Since the response of the frequencies in two study cases for the proposed ANN load-shedding scheme are both above 58 Hz, there will be no serious impact to the utility generators with slow recovery of system frequency. Furthermore, most of the customer loads are more sensitive to voltage magnitude variation. The frequency change with a 3.3% deviation in two study cases will be no significant effect on the consumer loads.
Conclusions
This paper has developed an adaptive minimum loadshedding scheme by the ANN model with an LMBP algorithm for the Taipower system. By executing the transient stability analysis for various operation scenarios of power system contingencies the training data set of the ANN model, which consists of total system power generation, total load demand, frequency decay rate and the minimum amount of load shedding, has been created.
To demonstrate the effectiveness of the proposed ANN model to solve the minimum load shedding for a system fault contingency, the present load-shedding scheme in Taipower is used in the computer simulation to investigate the dynamic response of system frequency and mechanical input power of generators. It is found that load shedding of 5094 and 3182 MW will be required for the isolated subsystem of northern-central area during the peak and off-peak periods, respectively. By the proposed ANN methodology only 2521 and 1950 MW loads are required to be shed at the frequency of 59.2 Hz to maintain the system stability. This implies that the proposed ANN model for load shedding can prevent excessive load shedding and fewer customers will be affected by the fault contingency. It is concluded that the proposed ANN model and LMBP algorithm can solve the adaptive minimum load shedding at the instant of tie line tripping by considering the real-time system operation scenario. 
